Classifying nouns into semantic categories (e.g., animals, food) is an important line of research in both cognitive science and natural language processing. We present a minimally supervised model for noun classification, which uses symmetric patterns (e.g., "X and Y") and an iterative variant of the k-Nearest Neighbors algorithm. Unlike most previous works, we do not use a predefined set of symmetric patterns, but extract them automatically from plain text, in an unsupervised manner. We experiment with four semantic categories and show that symmetric patterns constitute much better classification features compared to leading word embedding methods. We further demonstrate that our simple k-Nearest Neighbors algorithm outperforms two state-ofthe-art label propagation alternatives for this task. In experiments, our model obtains 82%-94% accuracy using as few as four labeled examples per category, emphasizing the effectiveness of simple search and representation techniques for this task.
Introduction
The role of language is to express meaning. In the field of NLP, there has been an increasingly growing number of approaches that deal with semantics. Among these are vector space models (Turney and Pantel, 2010; Baroni and Lenci, 2010) , lexical acquisition (Hearst, 1992; Dorow et al., 2005; Davidov and Rappoport, 2006) , universal cognitive conceptual annotation (Abend and Rappoport, 2013 ) and automatic induction of feature representations (Collobert et al., 2011) . In this paper, we utilize extremely weak supervision to classify words into fundamental cognitive semantic categories.
There are several types of semantic categories expressed by languages, e.g., objects, actions, and properties. We follow human development, acquiring coarse-grained categories and distinctions before detailed ones (Mandler, 2004) . Specifically, we focus on the major class of concrete "things" (Langacker, 2008, Ch. 4) , roughly corresponding to nouns -the main participants in linguistic clauses -that are universally present in the semantics of virtually all languages (Dixon, 2005) .
Most works on noun classification to semantic categories require large amounts of human annotation to build training corpora for supervised algorithms (Bowman and Chopra, 2012; Moore et al., 2013) or rely on language-specific resources such as WordNet (Evans and Orǎsan, 2000; Orǎsan and Evans, 2007) . Such heavy supervision is labor intensive and makes these models domain and language dependent.
Our reasoning is that weak supervision is highly valuable for semantic categorization, as it can compensate for the lack of input from the senses in text corpora. Our model therefore performs semantic category classification using only a small number of labeled seed words per category. The experiments we conduct show that such weak supervision is sufficient to construct a high quality classifier.
A key component of our model is the application of symmetric patterns. We define patterns to be sequences of words and wildcards (e.g., "X is a dog", "both X and Y", etc.). Accordingly, symmetric patterns are patterns that contain exactly two wildcards, where both wildcards are interchangeable. Examples of symmetric patterns include "X and Y", "X as well as Y" and "neither X nor Y". Works that apply symmetric patterns in their model generally require expert knowledge in the form of a pre-compiled set of patterns (Widdows and Dorow, 2002; Kozareva et al., 2008) . In this work, we extract symmetric patterns in an unsupervised manner using the (Davidov and Rappoport, 2006) algorithm. This algorithm automatically extracts a set of symmetric patterns from plain text using simple statistics about high and low frequency word co-occurrences. The unsupervised nature of our approach makes it domain and language independent.
Our model addresses semantic classification in a transductive setup. It takes advantage of word similarity scores that are computed based on symmetric pattern features, and propagates information from concepts with known classes to the rest of the concepts. For this aim we apply an iterative variant of the k-Nearest Neighbors algorithm (denoted with I-k-NN) to a graph in which vertices correspond to nouns and word pairs are connected with edges based on their participation in symmetric patterns.
We experiment with a subset of 450 nouns from the CSLB dataset (Devereux et al., 2013) , which were annotated with semantic categories by thirty human subjects. From the set of semantic categories in this dataset, we select categories that are both frequent and have a high inter-annotator agreement (Section 2). This results in a set of four semantic categories -animacy, edibility, is a tool and is worn.
Our experiments show that our model performs very well even when only a small number of labeled seed words are available. For example, on the task of binary classification with respect to a single category, when using as few as four labeled seed words, classification accuracy reaches 82%-94%. Furthermore, our model outperforms several strong baselines for this task. First, we compare our model against a model that uses a deep neural network word embedding baseline (Collobert et al., 2011) instead of our symmetric pattern based features, and applies the exact same I-k-NN algorithm. In recent years, deep networks word embeddings obtained state-of-the-art results in several NLP tasks (Collobert and Weston, 2008; Socher et al., 2013) . However, in our task, features based on simple, intuitive and easy to compute symmetric patterns, lead to substantially better performance (average improvement of 0.15 F1 points). Second, our model outperforms two baseline models that utilize the same symmetric pattern classification features as in our model, but replace our simple I-k-NN algorithm with two leading label propagation alternatives (the normalized graph cut (N-Cut) algorithm (Yu and Shi, 2003) and the Modified Adsorption (MAD) algorithm (Talukdar and Crammer, 2009) ). The average improvement over these two baselines is 0.21 and 0.03 F1 points .
The rest of the paper is organized as follows. Section 2 describes our semantic classification task and, particularly, the semantic classes that we aim to learn. Section 3 presents our method for automatic symmetric patterns acquisition. Sections 4, 5 and 6 describe our model, experimental setup and results, respectively. Related work is finally surveyed in Section 7.
Task Definition
The task we tackle in this paper is the classification of nouns into semantic categories. This section defines the categories we address and the dataset we use.
Semantic Categorization of Concrete Nouns. We focus on concrete "things" (Langacker, 2008) , which correspond to noun categories. Nouns are interesting because they are the most basic lexical semantic categories. Specifically, children acquire nouns before any other category (Clark, 2009) . Moreover, noun categories are generally not subjective. For example, it is hard to argue that a dog is not an animal, or that an apple is inedible, in most reasonable contexts. The context independent nature of nouns makes them appropriate for a type level classification task, such as the one we tackle. In order to provide a better description of the categories we aim to predict, we now turn to discuss the CSLB dataset, with which we experiment.
Dataset. We experiment with the CSLB property norms dataset (Devereux et al., 2013) . In order to prepare this data set, thirty human subjects were presented with 638 concrete nouns and were asked to write the categories associated with each concept. Category Selection. The CSLB dataset consists of a total of 2725 semantic categories. We apply a selection mechanism that provides us with a dataset in which (1) only noun categories (things) are included; and (2) only semantic categories that are prominent across humans are considered. For this, we apply the following filtering stages. First, since the vast majority of annotated categories are rare (for example, 1691 categories are assigned to a single noun only), we set a minimum threshold of 35 nouns per category (5% of the nouns). After removing highly infrequent categories, 28 are left. We then apply an inter-annotator agreement criterion: for each semantic category c, we compute the average number of human annotators that associated this category with a given noun, across the nouns annotated with c. We select the category c only if the value of this statistic is higher than 10 subjects (1/3 of the subjects), which results in a semantic category set of size 18. Finally, we discard categories, such as color and size, that do not correspond to things. We are left with four noun semantic categories: animacy (animals), edibility (food items), is a tool (tools), and is worn (clothes). Interestingly, the resulting semantic categories can also be justified from a cognitive perspective. There is a large body of work indicating that our categories relate to brain organization principles. For example, Just et al. (2010) showed that food products and tools arouse different brain activation patterns. Moreover, a number of works showed that both animate objects and tools are represented in specific brain regions. These works used neuroimaging methods such as functional magnetic resonance imaging (fMRI) (Naselaris et al., 2012) , electroencephalography (EEG) (Chan et al., 2011) and magnetoencephalography (MEG) (Sudre et al., 2012) . See (Martin, 2007) for a detailed survey. This parallel evidence to the prominence of our categories provides substance for intriguing future research.
Symmetric Patterns
Patterns. In this work, patterns are combinations of words and wildcards, which provide a structural phrase representation. Examples of patterns include "X and Y", "X such as Y", "X is a country", etc. Patterns can be used to extract various relations between words. For example, patterns such as "X of a Y" ("basement of a building") can be useful for detecting the meronymy (part-of) relation (Berland and Charniak, 1999) . Symmetric patterns (e.g., "X and Y", "France and Holland"), which we use in this paper, can be used to detect semantic similarity between words (Widdows and Dorow, 2002) .
Symmetric Patterns. Symmetric patterns are patterns that contain exactly two wildcards, and where these wildcards are interchangeable. Examples of symmetric patterns include "X and Y", "X or Y" and "X as well as Y". Previous works have shown that word pairs that participate in symmetric patterns bare strong semantic resemblance, and consequently, that these patterns can be used to cluster words into semantic categories, where a high precision, but low coverage (recall) solution is good enough (Dorow et al., 2005; Davidov and Rappoport, 2006) . A key observation of this paper is that symmetric patterns can be also used for semantic classification, where recall is as important as precision.
Flexible Patterns. It has been shown in previous work (Davidov and Rappoport, 2006; Turney, 2008; Tsur et al., 2010; Schwartz et al., 2013 ) that patterns can be extracted from plain text in a fully unsupervised manner. The key idea that makes this procedure possible is the concept of "flexible patterns", which are composed of high frequency words (HFW) and content words (CW). Every word in the language is defined as either HFW or CW, based on the number of times this word appears in a large corpus. This clustering procedure is applied by traversing a large corpus, and marking words that appear with corpus frequency higher than a predefined threshold t 1 as HFWs, and words with corpus frequency lower than t 2 as CWs. 1 The resulting clusters have a desired property: HFWs are comprised mostly of function words (prepositions, determiners, etc.) while CWs are comprised mostly of content words (nouns, verbs, adjectives and adverbs). This coarse grained clustering is useful for pattern extraction from plain text, since language patterns tend to use fixed function words, while content words change from one instance of the pattern to another (Davidov and Rappoport, 2006) . Flexible patterns are extracted by traversing a large corpus and, based on the clustering of words to CWs and HFWs, extracting all pattern instances. An extracted pattern instance consists of CW wildcards and the actual words replacing the HFWs in the pattern type. Consider the sentence "The boy is happy and joyful". Replacing the content words with the CW wildcard results in "The CW is CW and CW". From this intermediate representation, we extract word sequences of a given length constraint and denote them as flexible patterns. 2 The flexible patterns of length 5 extracted from this sentence are "The CW is CW and" and "CW is CW and CW". The reader is referred to (Davidov and Rappoport, 2006) for more details.
Automatically Extracted Symmetric Patterns. Most models that incorporate symmetric patterns use a predefined set of patterns (Widdows and Dorow, 2002; Kozareva et al., 2008) . In this work, we apply an automatic, completely unsupervised procedure for symmetric pattern extraction. This procedure, described in Algorithm 1, is adopted from (Davidov and Rappoport, 2006) .
The procedure first extracts flexible patterns that contain exactly two CW wildcards. It then selects those flexible patterns in which both CWs are interchangeable. That is, it selects a pattern p if every word pair CW 1 , CW 2 that participates in p indicates with high probability that the word pair C 2 , C 1 also participates in p. For example, for the symmetric pattern "CW and CW", both "cats and dogs" and "dogs and cats" are semantically plausible expressions, and are therefore likely to appear in a large corpus. On the other hand, the flexible pattern "CW such as CW" is asymmetric, as exemplified in expressions like "countries such as France", where replacing the CWs does not result in a semantically plausible expression (# "France such as countries"). The selection process is done by computing the proportion of CW 1 , CW 2 pairs that participate in p for which CW 2 , CW 1 also participates in p. Patterns for which this proportion exceed a certain threshold are selected.
We apply Algorithm 1 on the google books 5-gram corpus (Michel et al., 2011) 3 and extract 20 symmetric patterns. Some of the more interesting symmetric patterns extracted using this algorithm include "CW and the CW", "from CW to CW", "CW rather than CW" and "CW versus CW". In the next section we present our approach to semantic classification, which makes use of automatically acquired symmetric patterns for word similarity computations.
Model
In this section we present our model for binary word classification according to a single semantic category in a minimally-supervised, transductive setup. Given a set of words, we label a small number of words with their correct label according to the category at hand (+1 for words that belong to the category, -1 for words that do not belong to it). Our model is based on an undirected weighted graph, in which vertices correspond to words, and edges correspond to relations between words. Our goal is to classify the unlabeled words (vertices) in the graph through a label propagation process. We now turn to describe our model in detail.
Graph Construction. We construct our graph such that an edge is added between two words (vertices) if both words participate in a symmetric pattern. The edge generation process is performed as follows. We first apply our symmetric pattern extraction procedure (Algorithm 1), and denote the set of selected symmetric patterns with P . We then traverse a large corpus 4 and extract all word pairs that participate in any pattern p ∈ P . We denote the number of occurrences of a word pair (w 1 , w 2 ) in such patterns with f w 1 ,w 2 . Finally, we select all word pairs (w 1 , w 2 ) for which min(f w 1 ,w 2 , f w 2 ,w 1 ) > α. Each such
C is a large corpus, W is a lexicon 3:
Traverse C and extract all flexible patterns of length 3-5 that appear in C and contain exactly two content words 4: P ← extract flexible patterns(C, W ) 5:
for p ∈ P do 6:
if p appears in <10 −6 of the sentences in C then 7:
Discard p and continue 8:
end if 9:
Gp ← a directed graph s.t. V (Gp)←W ,E(Gp)←{(w1, w2)∈W 2 :w1,w2 participate in at least one instance of p} 10:
An undirected graph based on the bidirectional edges of the Gp 11:
symGp ← an undirected graph: {(w1), (w1,w2) : (w1,w2) ∈ E(Gp) ∧ (w2, w1) ∈ E(Gp)} 12:
Two measures of symmetry 13:
Symmetric pattern candidates are those with high M1 and M2 values 15:
if min (M1,
for p ∈ P do 20: E.g., "CW and CW" is contained in "both CW and CW" 21:
if ∃p ∈ P s.t. p is contained in p then 22:
Discard
return The top 20 members of P with the highest M1 value 26: end procedure pair is connected with an edge e w 1 ,w 2 in the graph, where the edge weight (denoted with w w 1 ,w 2 ) is the geometric mean between f w 1 ,w 2 and f w 2 ,w 1 .
Label Propagation. Given a small number of annotated words (vertices), our goal is to propagate the information these words convey to other words in the graph. To do so, we apply an iterative variant of the k-Nearest Neighbors algorithm (I-k-NN). This iterative variant is required due to graph sparsity; when starting with a small set of labeled vertices, most unlabeled vertices do not have any labeled neighbor, and thus running the standard k-NN algorithm would result in classifying a very small number of vertices. Our approach is to run iterations of the k-NN algorithm, and thus propagate information to additional vertices at each iteration. At each k-NN step, the algorithm selects words that have at least one labeled neighbor. From this set, only the words that have the highest ratio of neighbors with the same label are selected, and are assigned with this label. Consider a simple example. Say we have three candidate vertices a, b and c, where a has one neighbor with label +1 (ratio(a) = 1/1 = 1.0), b has two neighbors with label -1 (ratio(b) = 2/2 = 1.0) and c has three neighbors with label +1 and one neighbor with label -1 (ratio(c) = max(3, 1)/4 = 3/4). Then, a and b are selected and are assigned with +1 and −1, respectively.
Seed Expansion. In minimally supervised setups like ours, the model is initialized with a small set of labeled seed examples. A natural approach in such settings is to apply a seed expansion step, in order to obtain a larger set of labeled seeds. Our method uses the same graph construction procedure described above, but uses a larger edge generation threshold β >> α. 5 We then apply an iterative procedure that labels a vertex v with a label l if either (a) v is directly connected to γ of the vertices labeled with l or (b) v is connected to δ l of the neighbors of vertices labeled with l. 6 This procedure is run iteratively until no more vertices meet any of the criteria (a) or (b).
Experimental Setup

Baselines
We compare our model to two types of baselines. The first (Classification Features Baselines) utilizes the I-k-NN algorithm, along with a different set of classification features. The second (Label Propagation Baselines) utilizes the same classification features as we do, but replaces I-k-NN with a more sophisticated label propagation algorithm.
Classification Features Baselines
In this set of baselines, we use different methods for building our graph. Concretely, instead of adding edges for pairs of words that appear in the same symmetric pattern, we use word similarity measures based on different feature sets as described below. The process of building the graph using the baseline word similarity measures is described in Section 5.2.
SENNA. Deep neural networks have gained recognition as leading feature extraction methods for word representation (Collobert and Weston, 2008; Socher et al., 2013) . We use SENNA, 7 a deep network based word embedding method, which has been used to produce state-of-the-art results in several NLP tasks, including POS tagging, chunking, NER, parsing and SRL (Collobert et al., 2011) . We use the cosine similarity between two word embeddings as a word similarity measure.
Brown. This baseline is derived from the clustering induced by the Brown algorithm (Brown et al., 1992) . 8 This clustering, in which words share a cluster if they tend to appear in the same lexical context, has shown useful for several NLP tasks, including POS tagging (Clark, 2000) , NER (Miller et al., 2004) and dependency parsing (Koo et al., 2008) . We use it in order to control for the possibility that a simple contextual preference similarity correlates with similarity in semantic categorization better than symmetric pattern features.
The Brown algorithm builds a binary tree, where words are located at leaf nodes. We use the graph distance between two words u, v (i.e., the shortest path length between u, v in the tree) as a word similarity measure for building our graph.
Label Propagation Baselines
In this type of baselines, we replace I-k-NN with a different label propagation algorithm, while still using the symmetric pattern features for word similarity computations. N-Cut. This baseline applies the normalized graph cut algorithm (Yu and Shi, 2003) 9 for label propagation. Given a graph G = (V, E) and two sets of vertices A, B ⊆ V , this algorithm defines links(A, B) to be the sum of edge weights between A and B. The objective of the algorithm is to find the clusters A, V \ A that minimize links(A,V \A) links(A,V ) . The algorithm of (Yu and Shi, 2003) is particularly efficient for this problem as it avoids eigenvector computations which may become computationally prohibitive for large graphs (for more details, see their paper). In order to encode information about our labeled seed words, we hard-code a large negative value (-100000) to the weights of edges between seed words with different labels (positive and negative). (Talukdar and Crammer, 2009) 10 is an extension of the Adsorption algorithm (Baluja et al., 2008) . MAD is a stochastic graph-based label propagation algorithm which has shown to have a number of attractive theoretical properties and demonstrated good experimental results.
MAD. The Modified Adsorption (MAD) algorithm
Experiments
Graph Construction. We experiment with the CSLB dataset (Devereux et al., 2013) , consisting of 638 nouns, annotated with their semantic categories by thirty human subjects. We first omit all nouns that are annotated as having more than one sense, and use the remaining 603 nouns to build our graph. From these nouns, 146 nouns are annotated as animate, 115 as edible, 50 as wearable and 35 as tools. 11 We then discard nouns that have less than two neighbors, which results in a final set of 450 nouns (vertices).
The graphs used in the classification features baselines are different than those used by the models that use our symmetric pattern classification features, since the features define the graph structure (Section 4). In order to provide a meaningful comparison, we build graphs with the same number of vertices for each of these baselines. We do so by selecting the n edges with the highest weight, together with the set of vertices connected by these edges, such that the resulting graph has 450 vertices. Working with these sets of vertices is the optimal setting for these baselines, as the resulting graphs are the ones with the highest possible edge weights for graphs with 450 vertices. 12 Parameter Tuning. In order to avoid adding additional labeled examples for the sake of parameter tuning, we set the hyperparameter values to the ones for which each model performs best on an auxiliary semantic classification task. Concretely, we experiment with a fifth semantic category (audibility), 13 which is not part of our evaluation setting, for parameter tuning. Note that this results in our model having the same hyperparamter values for all four classification tasks.
In order to ensure that the models assign all participating words with labels, we set α=3, where α is the minimal number of times a word pair should appear in the same symmetric pattern in order to have an edge in our graph (See Section 4). In our seed expansion procedure, where we search for seeds whose label is predicted with high confidence, only word pairs that appear at least β=50 times in the same symmetric pattern are assigned an edge in the graph. We set the seed expansion procedure parameters to be γ = 0.6, δ +1 = 0.5, δ −1 = 0.2.
Evaluation. For each classification task, we run experiments with 4, 10, 20 and 40 labeled seed words. In each setting, half of the labeled seed words are assigned a positive label and the other half are assigned a negative label. For each semantic category and labeled seed set size, we repeat our experiment 1000 times, each of which with a different set of randomly selected labeled seed examples, and report the average results. We report both accuracy (number of correct labels divided by number of vertices in the graph) and F1 score, which is the harmonic mean of p (the average precision across labels) and r (average recall across labels).
These two measures represent complementary aspects of our results. On the one hand, accuracy is the most natural classification performance measure. On the other hand, the number of positive labels is substantially smaller than the number of negative labels, 14 and thus this measure can be manipulated: a dummy model that always assigns the negative label gets a high accuracy. The F1 score controls against such models by assigning them low scores.
Results
Our experiments are designed to explore two main questions: (a) the value of symmetric patterns as semantic classification features, compared to state-of-the-art word clustering and embedding methods; and (b) the required complexity of an algorithm that can propagate information about semantic similarity. Particularly, we test the value of our simple I-k-NN algorithm compared to more sophisticated alternatives.
A Minimally Supervised Setting. Our first set of experiments is in a minimally supervised setting where only two positive and two negative examples are available for each binary classification task. This 11 Some words are classified as belonging to more than one category (e.g., "chicken" is both animate and edible). 12 The resulting graphs are actually denser than the symmetric patterns-based graph: 14K and 9K edges for the Brown and SENNA graphs, respectively, compared to < 5K edges in the symmetric patterns graph. 13 We used four labeled seed words in these experiments. 14 Only 6-25% of the nouns have a positive label. Table 2 : Accuracy and F1 score comparison between our model and the baselines. The columns correspond to the type of classification features used by the model: SP -symmetric patterns, SENNAword embeddings extracted using deep networks (Collobert et al., 2011) , Brown -Brown word clustering (Brown et al., 1992) . The rows correspond to the algorithms applied by the model: N-Cut -the normalized graph cut algorithm (Yu and Shi, 2003) , MAD -the modified adsorption algorithm (Talukdar and Crammer, 2009 ), I-k-NN -our iterative k-NN algorithm. Our model (I-k-NN + SP) is superior in all cases, except for the accuracy of the "is a tool" semantic category, where it is second only to N-Cut+SP. setup enables us to explore the performance of our model when the amounts of labeled training data is taken to the possible minimum. Table 2 presents our results. With respect to objective (a), the table clearly demonstrates that symmetric patterns lead to much better results compared to the alternatives. Particularly, for all four semantic categories, and across both evaluation measures, it is a model that utilizes symmetric pattern classification features that achieves the best results. The average difference between the best model that uses symmetric patterns and the best model that does not is 12.5% accuracy and 0.13 F1 points. The dominance of symmetric pattern classification features is further demonstrated by the fact that a model that uses these features always performs better than a model that uses the same algorithm but different features.
With respect to objective (b) the table shows that I-k-NN provides a large improvement in seven out of eight (category × evaluation measure) settings. The average difference between the best model that utilizes I-k-NN and the best model that applies a different algorithm is 5.4% accuracy and 0.06 F1 points.
Analysis of Labeled Seed Set Size. In order to get a wider perspective on our model, we repeated our experiments with various sizes of the labeled seed set: 5,10 and 20 positive and negative labeled examples per semantic category. For brevity, only the F1 score results of the edibility category are presented. The trends observed on the other semantic categories (as well as when using the accuracy measure) are very similar. Figure 1a compares the different classification features. For each feature f , results of the best performing model that uses f are shown. The results reveal that symmetric patterns clearly outperform the other features. The average differences between the best symmetric patterns-based model and the best models that use the other features are 0.15 (SENNA) and 0.16 (Brown) F1 points. Figure 1b compares the different label propagation algorithms. For each algorithm a, results for the best performing model that uses a are presented. The results reveal that the I-k-NN algorithm outperforms both algorithms by 0.03 (MAD) and 0.21 (N-Cut) F1 points. The results also show that for all algorithms, the best performing model uses symmetric patterns classification features, which further demonstrates the dominance of these features.
Finally, Figure 1c presents the four top performing models (algorithm + classification feature). In accordance with the other findings presented in this section, the top two models, which outperform the other models by a large margin, apply symmetric pattern classification features.
Seed Expansion Effect. Our model uses a seed expansion procedure in order to expand a small set of labeled seed words to a larger set (see Section 4). In order to assess the quality of this procedure we compute, for each semantic category, the average size of the expanded set and the accuracy of the new seeds (i.e., the proportion of new seeds that are labeled correctly). Results show that the initial set is increased from four seeds (two positive + two negative) to 48-52, and that the accuracy of the new seeds is as high as 88-99%. Our experiments also show that this procedure provides a substantial performance boost to our I-k-NN algorithm, which obtains a 7.2% accuracy and 0.05 F1 points improvement (averaged over the four semantic categories) when applied with the expanded set of labeled seed words compared to the original set of size four.
Related Work
Classification into Semantic Categories. Several works tackled the task of semantic classification, mostly focusing on animacy, concreteness and countability. The vast majority of these works are either supervised (Hatzivassiloglou and McKeown, 1997; Baldwin and Bond, 2003; Peng and Araki, 2005; Øvrelid, 2005; Nagata et al., 2006; Xing et al., 2010; Kwong, 2011; Bowman and Chopra, 2012) or make use of external, language-specific resources such as WordNet (Orǎsan and Evans, 2001; Orǎsan and Evans, 2007; Moore et al., 2013) . Our work, in contrast, is minimally supervised, requiring only a small set of labeled seed words. Ji and Lin (2009) classified words into the gender and animacy categories, based on their occurrences in instances of hand-crafted patterns such as "X who Y" and "X and his Y". While their model uses patterns that are tailored to the animacy and gender categories, our model uses automatically induced patterns and is thus applicable to a range of semantic categories.
Finally, Turney et al. (2011) built a label propagation model that utilizes LSA (Landauer and Dumais, 1997) based classification features. They used their model to classify nouns into the concrete/abstract category using 40 labeled seed words . Unlike our model, which requires only a small set of labeled seeds, their algorithm is actually heavily supervised, requiring thousands of labeled examples for selecting the seed set of labeled words that are used for propagation. Our model, on the other hand, does not require any seed selection procedure, and utilizes a randomly selected set of labeled seed words.
Lexical Acquisition. Another line of work focused on the acquisition of semantic categories. In this setup, a model aims to find a core seed of words belonging to a given category, sacrificing recall for precision. Our model tackles a different task, namely the classification of words according to a given category where both recall and precision are to be optimized.
Lexical acquisition models are either supervised (Snow et al., 2006) , unsupervised, making use of symmetric patterns (Davidov and Rappoport, 2006) , or lightly supervised, requiring expert, language specific knowledge for compiling a set of hand-crafted patterns (Widdows and Dorow, 2002; Kozareva et al., 2008; Wang and Cohen, 2009 ). Other models require syntactic annotation derived from a supervised parser to extract coordination phrases (Riloff and Shepherd, 1997; Dorow et al., 2005) . Our model automatically induces symmetric patterns, obtaining high quality results without relying on any type of language specific knowledge or annotation. Moreover, some of the works mentioned above (Riloff and Shepherd, 1997; Widdows and Dorow, 2002; Kozareva et al., 2008 ) also require manually selected label seeds to achieve good performance; in contrast, our work performs very well with a randomly selected set of labeled seed words.
Conclusion
We presented a minimally supervised model for noun classification into coarse grained semantic categories. Our model obtains 82%-94% accuracy on four semantic categories even when using only four labeled seed words per category. We showed that our modeling decisions -using symmetric patterns as classification features and a simple iterative k-NN algorithm for label propagation -lead to a substantial performance gain compared to state-of-the-art, more sophisticated, alternatives. Our results demonstrate the applicability of minimally supervised methods for semantic classification tasks. Future work will include modifying our model to support other, more fine-grained types of semantic categories, including adjectival categories (properties). We also plan to work on token-level word classification, and thus support multi-sense words, as well as demonstrate the power of unsupervised patterns acquisition for multilingual setups.
